ABSTRACT Robots as therapy tools have been researched in intervention for children with autism. During the interaction between robots and autistic children, engagement is an important metric which can be used to express whether robot's behavior is suited to the current context. The evaluation of engagement is a key prerequisite to improve the autonomous ability of robots in intervention. In this paper, we propose a new model to evaluate the engagement of children with autism. The proposed model is developed based on the dynamic Bayesian network, and the parameters of the model are obtained by fuzzy logic and expert elicitation. After determining the input features and the classification of engagement, the topology of the model is established. Afterward, experts' opinions are collected based on linguistic variables. Based on triangular fuzzy number, the parameterization of the model is realized by fuzzification, aggregation, and defuzzification. Finally, the model is validated by experiment. The result demonstrates that proposed model satisfies the actual demands and the result of engagement classification can provide the input condition for the decision making of the robot.
I. INTRODUCTION
Autism, or Autism Spectrum Disorder, refers to a broad range of developmental disorders [1] . The main symptoms of autism often include two types, one is impairment in social communication and social interaction, and the other is restricted or repetitive patterns of behavior, interests or activities. Previous studies show that autism is a lifelong developmental disorder and the pathogenesis of autism is unclear for which no effective medication treatment has been used yet [2] . On the other hand, early and individualized interventions are considered to be crucial to encourage children with autism to improve their level of social communication in daily life [3] - [5] . However, the severity and clinical symptoms are varied from one individual to another and there is not an intervention method suitable for every patient with autism [6] . During the intervention, it is necessary to make appropriate strategies for individuals with autism.
The fact of the current situation is that the incidence of autism has reached a higher level (e.g., about 1 in every 88 children in the United States), and there is a tendency to further increase [1] . However, the force of rehabilitation is insufficient. In addition, training process of autism rehabilitation is boring and could cause great physical and mental pressure on practitioners. Consequently, it is necessary to study more scientific and efficient intervention methods of autism.
In recent years, researchers have shown increasing interest in innovative technologies of interaction for the interventions of autistic children [7] . In those studies, the socially assistive robots (SAR) are considered as support tools for autism therapy to provoke and encourage social behaviors of autistic children [8] . Up to now, more than 10 different robot platforms (e.g., Nao, KASPAR, Keepon, and etc.) have been applied to encourage children with autism to develop their social interaction skills [12] . During the autism therapy, robots are used in intervention tasks for joint attention [9] , imitation [10] , turn-talking [11] , and so on.
In order to ensure the robot becomes an effective social entity, its behavior must adapt to the current content. In the previous work, robots were controlled generally by the operators through the method of tele-operation [13] . Although this approach meets the needs of social interactions between robots and children, it cannot be extended on a large scale. Because this approach requires the operators not only have the knowledge of autism intervention, but also have the ability to operate the robot. Therefore, in the long term, robots should have a certain degree of ''intelligence'' and can interact with children autonomously. However, in the existing researches, little effort has been spent on the study of these skills about robot autonomy for autism intervention. Autonomous interaction between robots and autistic children is the main sign of robot autonomy. However, in order to achieve the autonomous interaction between robots and autistic children, there are some challenges to be overcome. For example, robots should perceive and understand user's behaviors, and select the appropriate behavior to respond to the user. In the process of social interaction, engagement is an important metric to measure the effect of the interaction. The engagement can be assessed and classified and the result of classification can be used as the input condition for the robot's decision making.
Aiming at the deficits of autism in social communication and social interaction, we carried out the applied researches of robots in the intervention of autism. In this paper, the main purpose is to present a method to evaluate the engagement of autistic children during social interaction with robots. The main contributions are as follows: (1) We build a new model based on Dynamic Bayesian Network (DBN) to evaluate the engagement for children with autism. This model can fulfil the task of engagement assessment efficiently. (2) Sample data of autistic children are difficult to collect, the parameterization of the model is restricted by data driven. In our study, we obtain the parameters of the model by expert elicitation and deal with opinions of experts through the fuzzy logic. In this way, experts' knowledge and experience are fully applied in the modeling process, and the problem about lack of sample data can be solved.
We remark that our study in this paper is focused on building engagement assessment model, and does not involve in collecting and processing about features of autistic children (e.g., voice and image processing). The remainder of this paper is organized as follows: section II provides an overview of related work; section III induces correlation elementary knowledge of DBN; section IV presents details of model building process; section V introduces the experiment to validate our model; in section VI, we conclude this study and look forward to the future.
II. RELATED WORK
In recent years, researchers have shown great interest in the evaluation of engagement for human-robot interaction. They classified the engagement state of users by their behaviors. In some way, engagement evaluation is one of the emotional recognition.
Several methods which did not consider the particularity of users have been proposed for engagement classification. Hall et al. [14] handled nonverbal gestures to classify the engagement of the participants. Rich et al. [15] developed a model for classifying the engagement based on gesture and speech. Ivaldi et al. [16] proposed a model to classify engagement of children by analyzing their postures and body motion, when they were playing chess with the robot. In addition to these, much more content can be found in [17] . Koo et al. [18] used the relative motion between the interactive object and the robot as the input characteristic, and identified the intent of human by hidden Markov model. Ooko et al. [19] analyzed the association of head posture and human engagement in the interaction, and classified their engagement through decision tree. Vaufreydaz et al. [20] set up the training sets and test sets based on the acquisition of distance, posture, voice and so on, and realized the intention classification by artificial neural network and support vector machine.
For the children with autism, little of efforts have been spent on the study of engagement assessment during robotschildren interaction. Feil-Seifer and Mataric [21] presented a recognition system to distinguish positive reactions and negative reactions of autistic children. They collected the features of distance through an overhead camera and classified based on Gaussian Mixture Models and a naive-Bayes classifier. Krupa et al. [22] proposed a wearable wristband for acquiring physiological signals which include galvanic skin response and heart rate variability. Then they used support vector machine to predict the state of children such as happy, neutral, and involvement. Liu et al. [23] presented a physiology-based method to detect the state of autistic children. In this study, they used wearable sensors to extract the physiology signals of children and used support vector machine to classify.
To sum up, the previous researches have achieved certain results, but there are some problems to be solved. Firstly, discriminating models of engagement for ordinary usually involve strict rules for their use. But children with autism always lack understanding for these rules. So, it is always unsuitable to use these models to evaluate engagement for them. Secondly, some features were obtained by intrusive devices, which could make the autistic children averse. Finally, the classification algorithms which have been used, requiring a large amount of sample data for model training. However, for children with autism, it is difficult to acquire the relevant data. Therefore, the robustness of these models is limited. Different from these work, we present a new method to solve these problems based on DBN and obtain the parameters of the model from experts' opinions by linguistic variables and fuzzy logic.
III. DYNAMIC BAYESIAN NETWORK
Bayesian Network(BN) is a directed acyclic graph which is composed of nodes and arrows [24] . The arrow, which points to the child node from the parent node, expresses the relationship between these two nodes. In BN, each node is labeled with a quantitative probability information. In addition, the relationship between a parent node and its child node is measured by conditional probability. There are some VOLUME 5, 2017 advantages to choose BN for modeling, which are listed as follows [25] : it can explicitly express the causal relationship between each node; it can fuse different sources of information; it can deal with uncertainty powerfully; it can use prior knowledge and subjective probability to infer.
The classification based on BN is a kind of process of probabilistic inference. The basic task of probabilistic reasoning is to calculate the posterior probability of query variables based on evidence variables which can be observed. In some cases, hidden variable (in this paper, it denotes the variable which is neither query variable nor evidence variable) is used in the probabilistic inference. The typical reasoning process can be express as [26] :
Where S represents a class of query variable, k is a normalization factor. Set e and set h represent evidence variables and hidden variables respectively. The joint probability in (1) can be calculated by [26] :
Where parents(n i ) is the parent node of n i . Combined with (1) and (2), the goal of probabilistic inference is realized.
BN can be applied to uncertain environments. However, the real world is dynamic and the interaction between robots and autistic children is a continuous process. DBN inherits the properties of BN and extends standard BN with the sequences of time. It can describe the change of variables with time through the transition model. Therefore, we develop the evaluation model based on DBN.
IV. THE DESIGN OF ENGAGEMENT EVALUATION MODEL
In practical application, the process of model building based on DBN usually includes two parts: development of the topological structure and parameterization. In the following subsection, we introduce both parts respectively.
A. THE STRUCTURE DESIGN OF THE MODEL
The main task of structural design based on DBN is to determine the nodes of the model and the dependencies between them. In our study, the evidence variables of the model are composed of behavioral features of children with autism. The query variables are expressed by the classes of engagement. In addition, in order to calculate conveniently, the hidden variable is used in the model.
1) FEATURE SELECTION
As discussed in the related work, many features have been selected to classify the engagement. In this study, we selected features which can reflect the intention of autistic children and can be easily obtained during the interaction.
In psychological research, body language is an important communication channel [27] . It plays an crucial role in the expression of emotions, attitudes, and intentions. Among them, facial orientation is a kind of body language, it can indicate the interaction object and the focus of attention in the interpersonal interaction. For instance, in the process of interaction, when a person faces to the interactive object, it shows that he is interested in the content. Otherwise, he is not interested in this interaction. In addition, the duration of facial orientation is also an important feature which can express the intention of people.
Interpersonal distance is a kind of special language in interpersonal interaction which can tell people psychological state of other sides. Hall, an anthropology professor, categorized interpersonal distance into four types: intimate, personal, social and public distance [28] . These four kinds of distance often change dynamically and these changes are synonymous with psychological changes of people.
Acoustic analysis has always been an important research area in the field of emotion recognition [29] . Although language development of children with autism is slow, we can identify their emotions by sound which they make. They can express their negative emotions by cry and scream, and using the sound of laughter to express their positive emotions.
These three kinds of features listed above can affect people's judgment on the engagement of children during autism intervention. Besides, these features can be detected easily by sensors which are integrated into the robot and processed by the existing algorithm. Therefore, in our study, we choose the features of face orientation, interpersonal distance and sound to evaluate the engagement for children in autism intervention.
2) CLASSIFICATION OF ENGAGEMENT
A purpose of engagement evaluation is to classify, then based on the result of classification, the robot can adjust its behavior. There are a variety of classified methods in previous studies. In [13] , the engagement was classified into six ratings which include intense engagement, engagement, slight interest, neutral, noncompliance, intense noncompliance. In [21] , the engagement was divided into positive reaction and negative reaction. The authors used happiness, neutral and involvement to express the engagement in [22] .
The classification of engagement is closely related to the task of the robot. So, in this study, we combine task design and behavior planning of the robot to classify the engagement of autistic children into interest, neutral and aversion from the high level to the low level. For this method of classification, when the result of evaluation is interest, the robot will continue and carry out the interactive tasks. When the result of evaluation is neutral, the robot will strengthen current interaction and try to attract the attention of the children. When the result of evaluation is aversion, the robot will adjust its behavior to reassure the children. To summarize, this classification method can satisfy our requirements. 
3) THE STRUCTURE OF MODEL
Through the analysis of the front sections in this paper, we propose an engagement evaluation model based on DBN and the first-order Markov assumption. The structure of proposed model is shown in Fig.1 .
In this model, the query variables are expressed by one node, which represents the result of engagement evaluation. There are three hidden variables which express the evaluation results based on the features of face orientation, interpersonal distance and sound respectively. The evidence variables consist of six nodes and these nodes describe the behavioral features which we have chosen. In the real word, the variables of behavior features are always continuous, which has the unlimited number of possible values. It is difficult to calculate the conditional probability for each value explicitly. So the variables are discretized based on psychological research results and experts' advice. The descriptions of the variables are shown in Table 1 .
Therefore, combined with (1) and (2), the results of engagement evaluation can be obtained in time t(t ≥ 1) by (3) , as shown at the bottom of the next page. Where, k 1 are 3-order confused matrices which are used to denote transition relations between adjacent time slices. The symbol '•' indicates that the corresponding elements between the two matrices are multiplied.
In this section, the structure of engagement evaluation model has been proposed. In the next step, we will parameterize the model and determine the model's conditional probability tables and transition models.
B. THE PARAMETERIZATION OF MODEL
Usually, the parameters of DBN can be obtained by the algorithms of data driven learning, such as Expectation Maximization, which needs a certain amount of sample data. However, there are some drawbacks to this approach. For instance, the cost of data collection and label of samples is high, the size and quality of training set affect learning effect, and the generalization ability of model in different data sets is limited. In addition, in the study of engagement evaluation for autistic children, it is difficult to collect the sample data for using. The reasons are as follows: the related researches are not systematic and there is no dedicated database; the parents of autistic children do not want to put the relevant data released or used in the study because of the privacy.
Different from the learning algorithms based on data, another method based on domain knowledge can be used to determine the parameters [25] . The basic idea of this method is that the domain experts give quantitative data to make decisions when exact data are not available. Generally speaking, people always use qualitative language to evaluate behaviors of others but quantitative analysis. So, in the study of engagement assessment, we introduce linguistic variables based on domain knowledge to elicit the parameters of the model.
1) THE EVALUATION OF DOMAIN EXPERTS
Domain experts refer to the persons who have high attainments within a certain range. They generally have a good command of knowledge, work in related fields, or have the deep understanding of the field. In real world application, the domain experts can give their opinions which can be carried out in linguistic variables based on their experiences and knowledge. The linguistic variable is a kind of conventional quantitative expression which can evaluate the uncertainty [30] . In the field of engineering psychology, the probability of event occurrence is expressed with seven linguistic variables include very low, low, fairly low, medium, fairly high, high and very high [31] . Reference to this kind of expression method, we use the set L = {Very Low, Low, Fairly Low, Medium, Fairly High, High, Very High} [VL, L, FL, M, FH, H, VH] to express the engagement of autistic children in interaction with robots from low degree to high degree. In this way, experts can choose appropriate linguistic variables to give their opinions.
The opinions of domain experts are subjective. In order to ensure the objectivity of the model parameters, the multiple experts should be invited. The experts' opinion can be elicited individually and then these opinions are combined. In this process, to reflect the differences of experts' assessment, different weights from 0 to 1 should be assigned to every expert. In this study, W (E i ) is the weight factor of i-th expert, which can be obtained according to Table 2 .
Although the linguistic variables are convenient for experts to give their professional assessment, the parameters of the model are crisp numbers and cannot apply the linguistic variables to express directly. Therefore, we need to convert the these variables into specific values.
2) TRANSFORMING LINGUISTIC VARIABLES TO PRECISE VALUES
Triangular fuzzy number is a useful method to transform the fuzzy linguistic variable into certain numerical. The triangular fuzzy number can be denoted by A = (l, m, u; 1) and the membership function is written as: When evaluation object cannot be accurately measured, the triangular fuzzy number can be used to deal with this situation by fuzzification, aggregation, and defuzzification. In this way, important quantitative information of the model can be acquired even if the sample data are not known.
Fuzzification: In order to get the certain numerical to express the experts' assessment which use linguistic variables in set L, the triangular fuzzy number A i = (l i , m i , u i ; 1) corresponding can be obtained by (5) .
In this paper, we can get n = 6 from set L, then the fuzzy set is calculated and the membership function as shown in Fig.2 .
In addition, we can obtain the fuzzy numbers which corresponding to set L as shown in Table 3 .
Aggregation: In the parameterization of the model, the opinions from experts need to be aggregated. In this way, every parameter of the model can be obtained. Assume that the number of experts is n, they give their assessment results for a problem respectively based on the linguistic variables set L. Let A i = (l i , m i , u i ; 1) and A j = (l j , m j , u j ; 1) be two fuzzy numbers which represent the opinions of expert E i (i = 1, 2, . . . , n) and expert E j (j = 1, 2, . . . , n). Where the values of A i and A j can be obtained from Table 3 . The method of aggregation as follows [32] :
Step 1: Determine the similarity of expert E i 's opinion to expert E j 's opinion as in (6) .
Step 2: Calculate the average degree of similarity of expert E i by (7), where n stands for the number of experts.
AD(E
Step 3: Determine the relative degree of opinion of expert E i by (8) .
RD(E
Step 4: The consensus weight of expertE i can be obtained by (9) . Where W (E i ) represents a given weight of expert E i based on Table 4 . β ∈ [0, 1] is a relaxation factor which measures the importance of W (E i ) and RE(E i ) in the equation.
Step 5: Finally, the comprehensive assessment of experts for an event can be obtained by (10) .
Defuzzification: The fuzzy numbers cannot be directly applied to the proposed model, and they need to be converted to specific values. In this paper, the conversion can be achieved by the method of integral value [33] . The expression of integral value can be defined as (11) .
Where I α T is the result of transformation of fuzzy number, and α ∈ [0, 1] is an index of optimism which is weighted the objectivity of evaluation. For α = 0 and α = 1, I α T get the extreme value respectively, and when α = 0.5 we can obtain a moderate value. I L (A) and I R (A) are the integral value of the inverse function of the left and right membership functions. g L A (y) and g R A (y) represent the inverse function of the left and right membership functions.
Based on (4) and (11), the crisp value, which related to triangular fuzzy number, can be expressed by (12) .
3) DETERMINE THE PARAMETERS
In our study, we selected five experts to give their opinions to evaluate the engagement of children with autism when they interact with the robot. They are composed of the parent of an autistic child, an autistic therapist, two researchers of autistic education and a professor of psychology for special children. We use weighting factors, which can be obtained from Table 2 , to represent the relative importance of experts. The weight factor of different expert is shown in Table 4 . In order to obtain the opinions of experts, a questionnaire is VOLUME 5, 2017 designed. The content of the questionnaire is closely related to the evaluation model and the set of linguistic variables. In the questionnaire, some questions are described and experts answer these questions by means of linguistic variables. We gathered the questionnaires from each expert and dealt with experts' opinions by the method which has been described in the previous section. For example, there is an event in the questionnaire: if a child is interested in the engagement, which degree do you think he/she faces to the robot (e 11 = 0)? Based on this example, experts give their opinions, and we can obtain the conditional probability without normalization P(e 11 = 0|H 11 ) by (6)- (12) . The detail of this process is shown in Table 5 . In this process, we set the relaxation factor β = 0.5 and the optimism index α = 0.5.
Repeating the above process, we get the parameters of the model. The conditional probability tables between hidden variables and evidence variables are shown in Table 6,  Table 7, and Table 8 . In the model, the conditional probabilities between the query variables and the hidden variables can be considered as the weight factors. We use these values to measure the role of each feature in the evaluation engagement. In practice, the laughter of autistic children is insignificance in most of the time. So, we asked the experts to give the appropriate answers for the different value based on acoustic state of autistic children. The conditional probability table between query variables and evidence variables is shown in Table 9 . The confusion matrix is used to represent the state of transition relationship from moment t − 1 to t. In the study, transition matrixes of the model are equal (P(H t 1 |H
3 ) = P(S t |S t−1 )), then the transition matrix is shown in Table 10 . At this point, the model of engagement evaluation is built completely.
V. EXPERIMENTAL RESULTS
In this section, we verify the performance of the proposed model by experiment. 
A. THE ROBOT PLATFORM
At present, a variety of robotic platforms have been applied to studies of interventional therapy for children with autism. These robots are different from structure to function and each robot can offer help in intervention through their unique skills. In our study, we use the robot Nao to support our study which is shown in Fig.3 . Robot Nao has a lovely appearance and it can be accepted by children with autism easily. Besides, the robot Nao integrates a variety of sensors and actuators, so that it can collect environment information and express its behavior conveniently.
In our experiments, we use Python 2.7 to develop the application for robot NAO. Before using the engagement evaluation model, the robot needs to collect and process the features of the child. The robot uses the video camera which is located in the forehead to capture the image of the interactive environment (image resolution is 320 * 240). Then the robot detects and locates the child by HOG-Linear SVM, and detects the face of the child based on Haar feature. On this basis, the robot can estimate the child's head pose through the random forest. Then, the estimated results are divided into two types: face to the robot and do not face to the robot (when robot cannot detects the face of the child we believe that the child do not face to the robot ). The robot estimates the distance to the child by combining the monocular vision with the ultrasonic sensors. In the process of engagement evaluation, we mainly recognize autistic children's laughter, crying and screaming. The robot acquires the sound signal through the microphones which installed in its head, and then MFCC feature of the sound is extracted and using SVM for classification. 
B. INTERACTION SCENARIO DESIGN
During the interaction, the robot guided the autistic child to complete the interaction task. This experiment is mainly used to verify the performance of the engagement evaluation model, so the interaction scenario can be described as follows: 1) When the child is detected, the robot adjusts its position towards the child, moves to the appropriate distance; 2) The robot motivate the child to interact through language and action; 3) If the result of engagement evaluation is interest, the robot will guide the child to imitate its action; 4) If the result of engagement evaluation is neutral, the robot will strengthen current interaction and try to attract the attention of the children; 5) If the result of evaluation is aversion, the robot will attempt to arouse the interest of the child by talking and acting. If the state of aversion continues for a certain period, the robot will adjust its behavior to reassure the child.
In our study, we took the task of action imitation (the robot guides the child to imitate its action) as an example to experiment. The child A (who is a boy and 5 years old) and the child B (who is a boy and 4 years old) were invited to participate in the study, and the study was supported by their parents.
C. THE RESULTS OF EVALUATION
In the experiment, the robot evaluated children's engagement by proposed engagement evaluation model in two scenarios of interaction.
Interaction 1: Fig.4 illustrates the image sequence when the robot interacted with child A. Besides, we use some typical events to briefly describe the interaction process, as shown in Table 11 . Fig.5 illustrates the results of engagement evaluation when the robot interacted with the child A. By comparison, the results of the engagement evaluation by proposed model are consistent with the actual state of the child A in the interaction.
Interaction 2: Fig.6 illustrates the image sequence when the robot interacted with child B. Besides, we use some typical events to briefly describe the interaction process, as shown in Table 12 . are consistent with the actual state of the child B in the interaction.
In the study, we asked the experts to rate the level of engagement in videos of the interaction (the period is 1s), and then we compared that with the results which were evaluated by proposed model. The results of comparisons are shown in Table 13 and Table 14 . Table 13 and Table 14 show the confusion matrixes of evaluation accuracy by the proposed model when compared with the experts' opinions. The overall performance of our model is 93.6% correct. Classification errors are centered between adjacent categories. In this case, the results of engagement evaluation meet the needs of the robot to develop the appropriate strategy of the interaction.
VI. CONCLUSION
Classifying whether an autistic child is engaged with the robot is the first step for using robots as therapy tool. Engagement classification can provide the input condition for the decision making of the robot. For example, when the decision-making strategy of the robot is developed based on reinforcement learning, the degree of engagement which has been evaluated can be used to measure the state of the interactive object. In this paper, an effective method is proposed for evaluating engagement when the robot interacted with autistic children. According to the characteristics of interaction task, an evaluation model based on DBN was designed, and the parameterization of the model was accomplished by transforming the qualitative evaluation from experts as parameters of the model by fuzzy logic. The key advantage of this method is that the experts' opinions are expressed in the model and some restrictions based on data-driven methods are avoided. It effectively reduces the difficulty of model building and has certain practical value. The experimental results illustrate that the model performs excellent in practical applications and satisfies the actual demands.
The model of engagement evaluation is developed based on Dynamic Bayesian Network and expert elicitation. Nodes and relationships between nodes of the model can be given by experts' experience. So, the proposed method has greater potential in practical application, and it can be used in other companion robots for different types of interactions. The steps as follows: 1) select the features according to the interaction task; 2) build the topological structure of the model; 3) design the language variable set; 4) design the questionnaire based on the language variable set and the structural relationship of the model to collect advice of experts; 5) obtain the parameters of the model by fuzzification, aggregation, and defuzzification based on experts' opinions; 6) correct the parameters of the model by experiment.
While the study has offered an effective approach of modeling for assessing engagement, there are still a number of interesting avenues to explore. In the proposed method, subject to the experimental platform and our existing perceptual techniques, we choose some features as input to the model, including time, face orientation, interpersonal distance, and acoustic state. In future research, we will consider the application of other features (such as eye tracking/pupil tracking) in the process of evaluation, and update the detection methods to obtain these features. In addition, it is a dynamic process during the interaction between robots and autistic children (interaction task or interaction object is changing). The model with fixed parameters has some limitations in dealing with these situations. In the future study, we will expand the model and give the learning capacity to the model and design experiments for different interactive objects to verify our model, such as different genders, various kinds of level in autism, different age groups and so on. At the same time, the appropriate decision-making strategy based on the evaluation results of engagement will be studied. In this way, the estimation accuracy will be further improved and the robustness will be enhanced for different users and different interactive environments. 
